ABSTRACT Soft robotics is a research field growing rapidly with primary focuses on the prototype design, development of soft robots and their applications. Due to their highly deformable features, it is difficult to model and control such robots in a very precise way compared with the conventional rigid structured robots. Hence, the calibration and parameter identification problems of an underactuated robotic hand with soft fingers are important, but have not been investigated intensively. In this paper, we present a comparative study on the calibration of a soft robotic hand. The calibration problem is framed as an AX = YB problem with the partially known matrix A. The identifiability of the parameters is analyzed, and calibration methods based on nonlinear optimization (i.e., Levenberg-Marquardt method and interior-point method) and evolutionary computation (i.e., differential evolution) are presented. Extensive simulation tests are performed to examine the parameter identification using the three methods in a comparative way. The experiments are conducted on the real soft robotic-hand setup. The fitting, interpolating, and extrapolating errors are presented as well.
I. INTRODUCTION
Recently, soft robotics has attracted more and more attention from the robotics community. Soft robotic hands with soft fingers are special types of machines that are composed entirely or primarily of soft materials with low modulus and a tendency to deform, which theoretically lends to infinite degrees of freedom. Soft robotic hands have many distinguishing characteristics when compared to traditional rigid robotic hands, which are, for example, safer humanrobot interaction, lighter weight, easier fabrication, lower cost, and and others which can refer to some recent survey articles [1] - [3] . To deliver the desired behavior through control of the soft robot, system parameters of the robot must be known. Parameters of different robots with the same design may vary, however, because the fabrication and assembly of soft robots are highly manual. Even though more standardized and repeatable fabrication processes (e.g., 3D printing techniques) are becoming more prominent in the manufacturing process of soft robots, it is inevitable that uncertainties are introduced. On the other hand, mechanic/kinematic parameters and/or relationship transformations between components are typically unknown before proceeding they are estimated. Most of the existing works in soft robotics are focused on demonstrating new design and fabrication, and a very few of them are focused on calibration and parameter identification. Among the few examples, an optimization-based method was implemented to a dynamics model of a soft fluidic elastomer actuator [4] .
Simply put, calibration of robotic systems can be categorized into robot-world calibration, tool-flange calibration, and kinematic calibration. A more often used term for tool-flange calibration in literature is hand-eye calibration, which is framed by solving the equation of AX = XB ( Fig. 1(a) ). There have been numerous works on this topic in the past decades, for example: [5] - [8] . Meanwhile, in many cases, the relationship between the robot base and a given global reference frame (i.e., world frame) is required before commencing a task. Therefore, the robot-world calibration aims to find where the robot base frame is located with respect to the world frame (usually the same as the sensor frame). This calibration problem is formulated as AX = YB ( Fig. 1(b) ). In [9] , the Kronecker product was used to solve the robot-world/hand-eye calibration formulation. Simultaneous hand-eye and robot-world calibration was presented using dual-quaternions and Kronecker product [10] . A method based on nonlinear constrained optimization was first presented in [11] for simultaneously solving robot-world and hand-eye calibration. A stochastic global optimization algorithm was developed for the two-frame sensor calibration problem expressed as AX = YB [12] . The AX = YB problem was considered from a new angle in [13] ; a probabilistic approach was proposed to deal with the lack of exact correspondence between the two sensory streams (matrices A and B) due to asynchronization in sampling rates and processing time. In recent years, research attention has shifted to calibration of multiple robotic systems where additional unknown transformations are required to be solved, which is framed as the AXB = YCZ problem ( Fig. 1(c) ). An iterative method was proposed to calibrate handeye, tool-flange, and robot-robot simultaneously in [14] . In [15] , the probabilistic approach was extended to solve the AXB = YCZ calibration problem in multi-mobile-robot systems. The calibration problem of a hybrid robot composed of a serial manipulator and a parallel mechanism was decoupled into two sub-equations using the Degradation-Kronecker method [16] .
Most of these works on simultaneous calibration are associated with industrial manipulators where cameras can be fixed on the last joint and the kinematics can be derived following normal approaches, for example, the D-H parameterization or POE formula. The robots involved incorporate rigid links, rotational joints, and have a relatively large volume. As mentioned in [17] , the established approaches are not suitable for the human-robot collaborative minimallyinvasive-surgery because of their requirement of a calibration grid or a checkboard. This is also the case for soft robots, where the soft components are prone to deform due to subjection to external forces. Moreover, as far as we know, these methods did not include the kinematics calibration of the robot itself into a unified solution.
Kinematic calibration, which is equivalent to parameter identification of kinematic models, is usually considered as an independent problem from the two kinds of calibration problems mentioned previously. Also, kinematic calibration is a classical and fundamental research branch in robotics, which can be categorized into external calibration methods [18] - [23] and self-calibration methods [24] - [26] . Simultaneous calibration of a robot and a hand-mounted camera was presented in [27] . However, as far as we know, there is no or at least very little work on simultaneous calibration of hand-eye, robot-world and robot kinematics. Especially, there is no work on calibration or parameter identification of soft robots. Moreover, comparative studies on different calibration settings quantitatively is relatively rare. The only recent work was reported to explore the behavior of a collection of iterative methods on extensive datasets and compared them to the state-of-the-art methods [28] .
In this paper, we focus on analysis and comparison of three methods for solving the calibration problem of a soft robotic hand ( Fig. 1(d) ). Specifically, the contributions are as follows.
• We investigate first time the calibration problem of a soft robotic hand in a framework of simultaneous robotworld, sensor-tip, and kinematics calibration.
• We compare three different methods and calibration settings for solving the calibration problem.
• Simulations and experiments are conducted to support the analysis and discussions. The paper is structured as follows. Section II discusses the motivation and formulate the problem where modeling of the robotic fingers is included. Section III presents discussions on the identifiability and calibration methods for the concerned calibration problem. Simulation results and comparative discussions are presented in Section IV. The experiment performed on the real setup is given in Section V. Conclusions and future works are discussed in the last section.
II. PROBLEM FORMULATION AND MODELING
For a soft robotic hand with continuum actuators as fingers (Fig. 2) , typically there are two sets of unknown parameters which are of interest:
• The first set is the kinematics of the fingers, namely, the relationship between the coordinates of fingertips (P 1 , P 2 , and P 3 ) and their corresponding tendon displacements or pulling-torque variations. The soft fingers in Fig. 2 are manufactured using 3D printing. Mechanic parameters vary in different fingers due to limitations of fabrication precision, not to mention purely manual manufacturing steps. Moreover, most of the time the parameters are unknown before adapting identification processes. For example, the Young modulus of the finger can be estimated by conducting tensile tests.
• The second set is the relationship between the tool's frames (F 1 , F 2 , and F 3 ) of the fingers. Successful manipulation tasks rely on multi-finger synergies. Therefore, the relationship between the fingers must be obtained. Specifically, its relationship is the relative coordinate transformation between the finger base-frames. To measure the fingertip position, typically a magnetic or optical sensor with small dimensions is fixed somewhere close to the fingertip [29] , [30] . The relationship X between the sensor and fingertip is similar to the relationship between the tool and flange in traditional calibration problems. The signal transmitter/receiver tracks the position and/or orientation (represented as B) of the sensor that moves with the fingertip under actuation.
A. PROBLEM FORMULATION
The robotic hand seen in Fig. 2 consists of three soft fingers fixed on a palm. As illustrated in Fig. 1(d) , the calibration of single finger can be framed as the problem of AX = YB, and of the three as follows The three soft fingers employ the same design which means that, ideally, 
Eq. (2) can be decomposed into two parts where Eq. (3) is the rotation part and Eq. (4) is the translation part. 
B. MODELING OF SINGLE FINGERS
Since a soft finger is equivalent to a single section continuum robot, the kinematics is derived based on the modeling convention of piecewise constant curvature, which links the joint space to the task space via two space-mappings. Treating the soft finger as an elastic beam, the robot-specific model maps the joint variables to beam's configurations. Hence, the forward kinematics is defined by
The robot-independent mapping links the arc parameters to the end-point's positions and orientations. The arc parameters ξ = {l, κ, φ} of the one-shaft-driven soft finger are illustrated in Fig. 3 .
Because the soft finger considered in this paper is driven by one shaft, only the motion happening in the x − z plane, and position coordinates are considered. Thus, the robotindependent mapping is:
with the orientation and translation components
with the substitutions
The robot-specific arc parameter mapping of the soft finger can be derived based on a spring model illustrated in Fig. 4 . Due to the tension (T ) of a shaft fixed at a distance (d) from the neutral axis, a moment is generated at the proximal end where the shaft is fixed. The resulted constant-curvature bending can be described by three parameters {l, κ, φ}. The flexible shaft is modeled as a spring with a spring constant (K t ) and the associated length change as (δl). . In-plane model of a single-shaft soft finger. Due to the flexible-shaft tension (T ) at a distance (d ) from the neutral axis, a moment is generated at the proximal end where the shaft is fixed. It can be described by the three parameters {l , κ, φ} and each shaft is modeled as a linear elastic spring (K t ).
The taut flexible shaft causes a moment M through the shaft tension T which is defined as a positive force.
where K b is the bending stiffness of the soft finger; d is the distance between the fixed location of the flexible shaft and the neutral axis.
Considering an initial curvature (κ 0 ) of the soft finger, Eq. (9) becomes
The axial and bending strains for the cross section are
In addition, a simple linear-elastic shaft model
The shaft displacement δl is due to the bending and compression of the soft finger as well as the shaft elongation, which could be expressed as
Here we are more interested in the shaft displacement instead of the tension and tensile strains. Thus, combing Eq. (9), (11), (12) and (13) and substituting them into Eq. (14), we have
where δl is the shaft displacement; K a , K b , and K t are the beam tensile stiffness, beam bend stiffness, and shaft stiffness, respectively. l and l t are the undeformed lengths of the articulating beam and the flexible shaft, respectively. Because these parameters lump as the denominator ld +
, we use π to represent it hereafter in order to remove any redundant parameters.
The robot-specific model is defined as
with unknown parameters {l, π , κ 0 }.
C. MODELING OF THE WHOLE SYSTEM
Given (17), Eq. (3) and Eq. (4) can be specifically changed to
where
We have the full-parameter vector ψ ψ ψ={π , l, 
III. CALIBRATION
The calibration problem is equivalent to figuring out the systematic parameters while solving a minimization problem. One representation of such a problem is shown below arg min
which is a compact form without decomposing the rotational and translational components explicitly. Alternatively, the minimization problem can be represented as arg min
where the rotational and translational components are decomposed and linearly combined as well as added with the orthogonality of the rotation matrices. Nevertheless, the orientation measurement is relatively difficult to acquire compared to the position measurement, and is sometimes unavailable. Therefore, it is preferable to use the position data merely to calibrate the robot [31] - [33] . We consider the minimization using only position measurements as arg min
As introduced above, there have been numerous methods proposed to solve problems (24), (25) and (26) and tool-flange (X X X ) calibration is typically solved by closed-form method or linear iterations. However, in our case, F F F is tightly coupled with X X X , and it is very difficult to derive a closed form or linearly iterative solution through decoupling ψ ψ ψ from F F F. Instead, in this paper, the nonlinear optimization and evolutionary computation are utilized to deal with the parameter identification.
A. IDENTIFIABILITY ANALYSIS
Before proceeding to parameter identification, we first evaluate the identifiable parameters, which is called identifiability analysis [34] . The general form of the identification problem can be written as (27) for full measurements
and (28) for position measurements only
The above f can be linearized as:
where J is the Jacobian matrix which can be transformed through QR decomposition:
R is an upper triangular matrix where the elements on the diagonal correspond to the model parameters. The nonidentifiable parameters are those equal to zero.
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Alternatively, we can look into the equation. For the case of only using position data, the equation can be detailed as
From (31) and (32), we know that o y and p y are linearly dependent. It is not possible to identify them separately unless there are other constraint conditions added. o y and p y are not involved in the rotation part (18) , meaning that even if using full measurements, they are not identifiable separately either.
B. NONLINEAR OPTIMIZATION
Two nonlinear-optimization methods are used to solve the minimization problem. The first is the Levenberg-Marquardt (L-M) method which is implemented using a Matlab function lsqnonlin targeted to minimize the following cost functions
using full measurements and
using only position measurements, without imposing any physical constraint onto the parameters. The second is the interior-point method which seeks to minimize the cost functions
(37) using full measurements. Similarly, the cost function for only position-based calibration is
The interior-point method can impose physical constraints of parameters during the optimization process.
C. EVOLUTION COMPUTATION
The calibration problem can also be handled by heuristic techniques, such as Differential Evolution (DE) adopted in this work. DE shows efficiency and robustness for problems containing continuous variables [35] , which motivates us to apply it to parameter identification. To the best of our knowledge, even though DE has been used for calibration before [26] , this is the first time to apply DE to solving the AX = YB problem. The cost functions E E E considered in this paper are continuous, nonlinear, no-convex, and have several local minima. DE is an optimization framework based on population, in which the candidate solutions are called individuals. For the calibration problem in this paper, the individual is the parameter vector repre-
The complete algorithm goes through the following 1) initialization, 2) mutation, 3) crossover, and 4) selection operations:
1) The very first step is to randomly generate the initial population which has a size M . The generation G of the population is represented as ψ iG ψ iG ψ iG , i = 1, 2, · · · , M . 2) Subsequently, the mutation operation can be implemented by
is a generated mutant vector via mutation; r 1 , r 2 , r 3 are random indices selected from {j|j = i, j ∈ [1, M ]}, which are mutually different integers. The amplification of the added differential variation is determined by the real constant F ∈ [0, 2]. 3) Next, the crossover operation is implemented by
Herein, rand b(j) ∈[0,1] is the jth evaluation of a norm random number. The crossover constant C R ∈[0,1] is set by the user. To guarantee that at least one parameter of V i, G+1 V i,G+1 V i,G+1 can be attained, index rnbr(i) is randomly chosen from i dimensions. 4) The last step is selection operation, which is
where 3 . The next population of the new generation is based on the selected individuals.
IV. SIMULATION STUDY
This section presents simulation results of examining identifiability and performing parameter identification as well as corresponding discussions.
A. IDENTIFIABILITY ANALYSIS
The QR decomposition of (30) can be done through simulation. Two classes of objective functions, i.e., (27) and (28) 
The matrices show that the penultimate elements are also rather small. In addition, although not as small as the penultimate elements, the last elements are quite small (i.e., -1.0463e-05) when compared to the rest of the elements meaning that the last parameter may not be identified with great accuracy. In summary, 1) With the same measurement dimension (only position or both position and orientation), the larger motion range enables better identification performance. 2) With the same motion range, the identification of the last parameter is influenced significantly by the measurement dimension. In order to improve the identification accuracy, especially the parameters p y , o y and o z , physical constraints should be taken into account during optimization.
B. PARAMETER IDENTIFICATION
In this section, extensive simulation is presented in a comparative way. To evaluate the identification accuracy of the parameters, we use the following criterion:
As mentioned above, the L-M method is implemented by using a MATLAB function lsqnonlin, which cannot impose physical constraints. From Table 1 , we can see that, other than the two parameters pointed out in identifiability analysis, the remaining 13 parameters are identified quite well. In particular for the parameter with longer motion range (i.e., dl ∈ [1, 16]mm), the real values of the parameters can exactly be identified, with the exception of p y and o y . A similar outcome is observed when using only position measurements as given in Table 3 .
The interior-point method is implemented using the fmincon function provided by MATLAB. This is an optimization problem with physical constraints (i.e., ψ ψ ψ ∈ [ψ ψ ψ min , ψ ψ ψ max ]). Table 1 shows that the identified p y and o y become more accurate under this constrained optimization, for example, from −57.3 and −2.2 to about −54.5 and 0.5, respectively. Moreover, the overall parameter accuracy is improved as well, for example, from 4.2037 and 3.2527 to 3.6006/3.4398 and 2.5143/2.2101, respectively. This is because the optimal parameters are searched in the constrained range which prevents them going too far from their real values. With the same measurement dimension (only position or both position and orientation), the larger motion range enables better identification performance. 2) With the same motion range, the identification of the last parameter is influenced significantly by the measurement dimension.
The DE method adapted in this paper is of a strategy DE/best/1/bin with a population of 10 individuals [36] . The control parameters are chosen based on experience, with F = 0.6 and C R = 0.7. From Table 2 , it is seen that the long motion range can achieve descent identification accuracy (i.e., 3.7346 and 1.3436), whereas the one with short motion range can not achieve satisfactory results (i.e., 24.4569 and 6.1274), even though the iteration period is fairly long, i.e., 10000 steps. For the one with less measurement dimension (i.e., only position data used), the DE method can Table 4 . Even though the DE method trades the computation time with the fitting precision, the two nonlinear optimization methods surpass the DE method no matter in terms of the identification accuracy or the processing time.
V. EXPERIMENT AND DISCUSSION
In this section, the experimental data are collected with a real setup demonstrated in Fig. 5 for validation purposes. In order to measure the real positioning performance, an Electromagnetic Tracking (EMT) system (with nominal accuracy of 1.4 mm RMS, 0.5 degrees RMS) is used, consisting of an electromagnetic transmitter, two EM sensors, and a trakSTAR unit. An EM sensor is attached close to the fingertip. Another EM sensor is attached to the proximal end of the flexible shaft and can be moved with the shaft displacement under actuation. In the data acquisition phase, the soft finger is actuated at a low speed and thus can be seen as being in quasi-static state. The validation logic is shown in Fig. 6 . The measurements of positions and orientations of the EM sensor are separated into two different sets of data. One data set is for calibration, including fitting evaluation; another is for validation which is composed of interpolation and extrapolation. The cost functions proposed in Section III-B are used as the validation criteria. The fitting, interpolating, and extrapolating results of the experimental data using the L-M and interior-point methods are demonstrated in Table 5 . Matching the intuition and common sense, there is an increasing trend from fitting to extrapolating. For example, the fitting, interpolating, and extrapolating errors (i.e., E IP, 1 E IP, 1 E IP, 1 ) of the one using the interior-point method and full measurements are 3.5319 mm, 4.7556 mm, and 5.5972 mm respectively. These results are good enough for general-purpose calibration with uncertainties of less than 6 mm. For example, it is sufficient for grasping applications where there is no need for precise pinch manipulation, because the compliant nature of the robotic hand can compromise such uncertainties.
The experimental results show that there is an error gap of the fitting accuracies/errors (i.e., E E E) between the simulation and experiment. The experimental fitting accuracies are much lower than those achieved in simulations. On one hand, this error gap is probably a result of the existence of measurement uncertainty which may degrade the identification accuracy. On the other hand, this may be due to the modeling deficiency. The kinematic model of the soft finger needs to be enhanced because the current model is built on the assumption of constant curvature which is not the case when the large amount of bending occurs. Thus, in the real implementation of the method, the tendon displacement is limited to approximately 7 mm while the soft finger is bending to 90 degrees. From the simulation results, we know that longer tendon displacement is important for achieving higher identification accuracy.
Image a scenario in which a new robotic hand is introduced by nothing is known about its kinematic/geometric and mechanic parameters (even if the rough range). In order to have a better understanding of the robotic hand and use it afterwards for practical applications such as grasping manipulation, the first step is that we usually want to figure out the systematic parameters. Therefore, even though the model in traditional treatments. This is achieved by treating A as an unknown in the AX = YB problem. Whereas in conventional AX = YB calibration of industrial manipulators, A is treated as known information or calibrated separately. Therefore, this work can be seen as complementary to the community; it advocates to explore solutions for simultaneous calibration of X , Y , and A, instead of only X and Y as in conventional approaches. There involves the kinematic modeling of soft fingers, which is distinct from conventional hands where the model is typically derived following the conventional D-H modeling approach. In this sense, both the methodology and research object are novel to the community.
In addition, the cost of implementing these techniques is not high. Only a pose-tracking device to measure the position and orientation or only the position of any point near the fingertip is required, and the values of the parameters can be identified simultaneously, alleviating the need to perform troublesome mechanic experiments for estimating the parameters. The parameter identification process can be completed within 3 seconds, which is quite fast. Hence, this simultaneous calibration method is efficient in terms of time, effort, and cost.
VI. CONCLUSION
This paper presented a first study of simultaneous robotworld, sensor-tip, and kinematics calibration of an underactuated robotic hand with soft fingers. The calibration problem was formulated in a framework of AX = YB with A partially known. As far as we know, there is no other work on the same problem, especially, in soft robotics. We presented a comparative study on the calibration problem using three optimization methods, i.e., L-M, interior-point, and differential evolution. The identifiability of the calibration problem was analyzed theoretically and numerically. The extensive simulation results showed that the L-M and interior-point methods surpass the DE method in terms of identification accuracy and processing time. The experimental validation results on fitting, interpolating, and extrapolating errors were provided as well. This is a first attempt to investigate the simultaneous calibration problem in a soft robotics setting. There are still a lot of future efforts to be paid to build an adequate solution for such a problem. In light of the limitations of the method, the future work will focus on the development of a powerfully globally convergent algorithm for this calibration problem which will be capable of resisting measurement errors robustly, and converge to the global minimal quickly. This will resort to the family of global optimization algorithm. In addition, an enhanced model for the soft finger will also be developed by looking into the modeling family where the variable curvature is considered to model the continuum manipulators. Children's Hospital Boston, and the Harvard Medical School, USA, for investigating the beating heart robotic surgery system. He was also involved in a collaborative computer integrated surgery project at the Surgical Innovation Institute, Children's National Medical Center, USA, in 2012. He is currently an Assistant Professor and leading a Research Group on Medical Mechatronics with the Biomedical Engineering Department, National University of Singapore (NUS). He is an Affiliated Principal Investigator with the Singapore Institute of Neurotechnology and the Advanced Robotics Center, NUS. His main areas of interest include biomedical mechatronics, computer-integrated surgery, and robotics in medicine. VOLUME 6, 2018 
